Although neurodevelopmental in origin, autism spectrum disorders are not currently diagnosed by neuroanatomical metrics but rather by behavioral observation. Autistic people differ from other people in their social interactions, communication, movement, and the level to which they focus on interests (American Psychiatric Association, 2000) . The neurological basis of these behavioral differences has been of great interest.
Nearly 200 studies over the past 20 years have proposed neuroanatomical markers of autism spectrum disorders; however, these studies have often been in conflict or unreplicated. Some of the conflicting findings can be explained by variation between and within participant samples (e.g., age and IQ) (Stanfield et al., 2008) . Furthermore, most previous research has investigated a single morphometric feature of a single neural region, such as the volume of participants' amygdalae, but because several areas have been implicated (e.g., corpus callosum, caudate, cerebellum) (Stanfield et al., 2008) and because identified markers are not limited to a single morphometric feature, future research should consider multiple morphometric features across the brain. Ecker et al. (2010b) performed a support vector machine (SVM) classification between autistic and non-autistic participants. Linear SVM is a machine learning method that identifies patterns in a dataset by identifying the hyperplane(s) that maximally distinguish different categories. After a classifier is estimated from a training dataset, the classifier can be used to predict category membership. Ecker and colleagues (2010b) trained their classifier based on five morphometric parameters of cortical gray matter: cortical thickness (the distance between white matter and pial surfaces), pial area (surface area of gray matter), metric distortion (Jacobian; the overall degree of cortical folding), average convexity or concavity (sulcal depth and gyral height; primary cortical folding), and mean (radial) curvature (secondary and tertiary cortical folding). All participants were right-handed males, 20 -68 years old. The same MRI scans of 20 autistic adults and 20 non-autistic adults (without any known neuropsychiatric disorders) were used to train and validate the classifier using a leave-two-out cross-validation approach, in which all participants except one from each group were used to train the classifier, which was then used to predict the category membership of the left-out participants. The procedure was repeated to predict category membership for all participants. Thus, 20 trials were needed for the cross-validation. Classifiers were trained and validated for each hemisphere using all five morphometric parameters as well as each parameter individually.
Classification accuracy was evaluated by both sensitivity (percentage of autistic participants correctly classified as autistic) and specificity (percentage of non-autistic participants correctly classified as non-autistic). Classification sensitivity and specificity was higher for the left hemisphere than the right hemisphere. When all five morphometric parameters in the left hemisphere were used, 85% of participants were correctly classified with 90% sensitivity and 80% specificity. When parameters were individually examined, the classifier for cortical thickness in the left hemisphere was most accurate, with 90% sensitivity and 90% specificity. Ecker et al. (2010b) also applied their multiparameter classifier to a neurodevelopmental control group of participants with attention deficit hyperactivity disorder (ADHD); the classifier for all five morphometric features in the left hemisphere correctly identified 79% of participants with ADHD as non-autistic, which was a comparable level of specificity to that obtained during cross-validation with the non-autistic participants without a neurodevelopmental disorder.
Validation of Ecker et al.'s (2010b) multiparameter classifier with additional autistic participants is still necessary. Given that imaging findings in autism often are not robust because of the inherent heterogeneity of the autism spectrum and small sample sizes, this study's multiparameter classifier should demonstrate high levels of sensitivity with additional samples of autistic participants that vary in age and autistic characteristics. In many of the frontal, temporal, and parietal regions identified by the Ecker et al. (2010b) classifier, Raznahan et al. (2010) found that younger autistic participants tend to have lower cortical thickness and older autistic participants tend to have greater cortical thickness compared with nonautistic participants. The role of age in autistic and non-autistic differences in cortical thickness complicates the replicability of the Ecker et al. (2010b) classifier with younger samples.
Ecker and colleagues (2010b) also concluded that their multiparameter classification was responsive to the degree of autistic characteristics because their autistic participants' scores on the Autism Diagnostic Interview-Revised (ADI-R) social and communication subscales were each positively correlated with the participants' distance from the hyperplane that predicted category membership (r ϭ 0.414 and 0.620, respectively); but the ADI-R is not intended to reflect severity of autistic characteristics (University of Michigan Autism and Communication Disorders Center, 2009). Furthermore, neither of two previous SVM studies reported a significant correlation between autistic participants' scores on the ADI-R subscales and distance from the hyperplane (Ecker et al., 2010a; Jiao et al., 2010) . Ecker et al. (2010a) previously claimed that group membership classification based on adult morphometric features is primarily determined by current autistic characteristics as measured by the Autism Diagnostic Observation Schedule (ADOS), instead of childhood autistic characteristics as measured by the ADI-R, which contradicts Ecker et al. (2010b) 's more recent result regarding their classifier's relationship with ADI-R scores.
Applying the multiparameter classifier to other non-autistic neurodevelopmental control groups is necessary for further validation of the classifier's specificity, as mentioned by Ecker et al. (2010b) . Additionally, because autistic traits are continuously distributed in the general population (Constantino and Todd, 2003) , it would further research to examine how well the multiparameter classifier could predict group membership of non-autistic participants who are relatively high on autistic traits-in particular, whether the degree of autistic traits (measured on a ratio scale) would relate to distance from the hyperplane in non-autistic participants.
Convergence between Ecker et al.'s (2010b) findings and existing data is also limited in terms of specific brain regions. Although Ecker and colleagues (2010b) warned that their results should not be interpreted at the level of individual brain regions due to the multivariate nature of SVM, a comparison with existing data can help determine whether a pattern of consistent markers emerges across studies. The classifier for cortical thickness in the left hemisphere provided the highest accuracy when parameters were examined individually. To date, five studies have ex- Note: a indicates regions where autistic participants exhibited increased cortical thickness, whereas s indicates regions where autistic participants exhibited decreased cortical thickness relative to non-autistic participants.
a It is unclear from Table 5 in Ecker et al. (2010b) whether increased cortical thickness was present in the left or right anterior cingulate.
amined cortical thickness by hemisphere in autistic versus non-autistic participants, and two of those studies used SVM (Chung et al., 2005; Hadjikhani et al., 2006; Ecker et al. 2010a; Hyde et al., 2010; Jiao et al., 2010) . Across these five studies, differences coalesced mainly in frontal (e.g., inferior frontal gyrus) and temporal (e.g., parahippocampal gyrus) regions, as shown in Table 1 . However, the direction of the difference varied across studies. For example, whereas Ecker et al. (2010b) reported autistic participants had increased cortical thickness in bilateral parahippocampal gyri, Jiao et al. (2010) reported the opposite pattern. Therefore, the regions that discriminate between autistic and non-autistic participants in Ecker et al. (2010b) only partially overlap with regions identified by existing research. Lastly, it is questionable whether SVM pattern classification of neuroanatomical features provides additional diagnostic value beyond that of behavioral criteria. For example, if an individual had a borderline behavioral diagnosis of autism spectrum disorder, estimation of the individual's group membership based on the individual's morphometric features may not help guide diagnosis, because the individual would likely lie close to the hyperplane (i.e., decision boundary) given the positive correlation between ADI-R scores and distance from the hyperplane. Additionally, Ecker et al. (2010b) mention that pattern classification methods could potentially categorize different biological etiologies within the autism spectrum (i.e., subtypes) that have a similar behavioral phenotype; however, it is unclear how plausible it would be to categorize different biological subtypes within the autism spectrum when using supervised learning techniques (e.g., SVM), given that identifying neuroanatomical markers of the autism spectrum requires training a classifier on group membership defined by behavioral criteria. In other words, diagnostic classification based on neuroanatomical markers would only be as good as the diagnostic behavioral criteria initially used to define group membership.
In summation, Ecker et al. (2010b) provides a pioneering approach for identifying gray matter differences between autistic and non-autistic participants by examining multiple morphometric features within each hemisphere. In particular, their study offers a successful multiparameter classifier for the left hemisphere of right-handed male adults with full-scale IQs Ͼ 75. However, successful validation of their SVM classifier is needed with other samples of autistic participants as well as with other neurodevelopmental control groups to fully substantiate any putative clinical value to their laboratory technique.
